Forecasting exchange rates is a subject of wide interest to both academics and practitioners. We aim at contributing to this vivid research area by highlighting the role of both technical indicators and macroeconomic predictors in forecasting exchange rates. Employing monthly data ranging from January 1974 to December 2014 for six widely traded currencies, we show that both types of predictors provide valuable information about future currency movements. To e¢ ciently summarise the information content in candidate predictors, we extract the principal components of each group of predictors. Our …ndings suggest that combining information from both technical indicators and macroeconomic variables signi…-cantly improves and stabilises exchange rate forecasts versus using either type of information alone.
Markwat, Swinkels and van Dijk, 2009). 1 A recent comprehensive review including numerous technical indicators over a large period of time by Hsu, Taylor and Wang (2016) provides evidence of their performance in both developed and emerging markets. The authors …nd that technical indicators exploit irrationalities in the …nancial markets; hence, they are able to generate statistically signi…cant and pro…table strategies. In addition, the authors argue that more volatile currencies are able to deliver equally pro…table excess returns to less volatile ones, if the latter are subject to leverage.
In this paper, we use monthly data from January 1974 to December 2014 in order to construct forecasts for six widely traded currencies; namely the British Sterling, Japanese Yen, Norwegian Krone, Swiss Franc, Australian Dollar and Canadian Dollar. The base currency is the US Dollar, which is fairly standard in the literature. Our set of predictors includes both the most widely used macroeconomic (fundamental) predictors and technical indicators. Fundamental predictors stem from the Uncovered Interest Rate Parity, Purchasing Power Parity, Monetary fundamentals and Taylor rules. 2 The technical indicators we employ are also the most widely employed in both academia and industry. These are simple moving average, momentum, relative strength index and exponential moving average rules. Following the literature we employ the Random Walk (RW) as benchmark and evaluate the performance by the out-of-sample R 2 statistic and the MSFE-adjusted statistic (Clark and West, 2007) .
The contribution of this paper to the exchange rate forecasting literature is that it brings together and evaluates the information that can be extracted from the most commonly used macroeconomic predictors and that of technical indicators on a monthly basis over an extensive period of time. In addition, it provides a comparative analysis of the two groups of predictors and the respective combined forecasts and principal components extracted from each group. In order to get a better insight on the sources of predictability, we check the performance over time with the use of the cumulative di¤erence between the mean squared forecast errors of the random walk model and the candidate predictive model, identifying certain time periods when the rivals fail to outperform the benchmark. Interestingly, these periods seem to be closely connected to key developments in exchange rate markets. Our …ndings suggest that combining information from both technical indicators and macroeconomic variables signi…cantly improves and stabilises exchange rate forecasts versus using either type of information alone. we assess the economic value of our model for two levels of risk aversion and …nd that principal components extracted from the entire group of predictors deliver sustainable economic bene…ts in comparison to their rivals, consistent with the statistical evaluation. Finally, we test whether our …ndings remain robust by changing the evaluation period and the forecast horizon.
The remainder of the paper is organized as follows. In Section 2 we present the candidate predictors. The …rst part of the section is related to macroeconomic/ fundamental predictors and the second to technical indicators. Section 3 presents the predictive models, the forecast construction and the evaluation methods. In Section 4 we report the empirical …ndings, namely the out-of-sample statistical and economic forecast evaluation results. Section 5 presents the robustness tests. Finally, Section 6 concludes the paper.
Candidate predictors 2.1 Fundamental predictors
Following the literature that links exchange rates with macroeconomic fundamentals (Engel and West, 2005; Molodtsova and Papell, 2009; Byrne, Korobilis and Ribeiro, 2016), we employ 13 predictors, denoted by x i;t , i = 1; ::; 13. We brie ‡y describe them below.
1. The …rst candidate predictor is given by the uncovered Interest Rate Parity (IRP) as follows:
where i t is the nominal interest rate in the domestic country and i t denotes the nominal interest rate for the foreign country. 3 2. The second predictor is given by the deviation of the nominal exchange rate from the Purchasing Power Parity (PPP) condition:
where p t (p t ) is the logarithm of domestic (foreign) national price levels and s t is the logarithm of the nominal exchange rate.
3 The third predictor relates to the ‡exible price version of the monetary model, known as
Frenkel-Bilson (FB) model (Meese and Rogo¤, 1983) . Under the assumption that PPP holds, the FB predictor is as follows:
where m t (m t ) is the log of the domestic (foreign) money supply, y t (y t ) is the log of the domestic (foreign) real output, proxied by the Industrial Production Index (IPI) and s t is the log of the nominal exchange rate. Due to …rst degree homogeneity of relative money supply, the parameter a = 1 (see Meese and Rogo¤, 1983; Mark and Sul, 2001; Rapach 3 In what follows, "*" denotes the variable in the foreign country.
and Wohar, 2002; Rossi, 2013) . We further assume that the income elasticity of money demand and the interest rate semi-elasticity are 1, thus b = c = 1:
4 Under the assumption that both PPP and IRP hold, we get the basic form of the monetary model, denoted as BMF: 4 x 4;t = a(m t m t ) b(y t y t ) s t
where a and b are also assumed to be equal to 1.
Candidate predictors x 5 to x 13 are all Taylor rule variants (Taylor, 1993) . Taylor rules unveil the mechanism with which each central bank determines the short-term nominal interest rate by taking into account variables, such as the in ‡ation rate, the target in ‡ation rate and the percentage deviation of actual real GDP from an estimate of its potential level. Assuming that both the domestic and the foreign central bank employs a Taylor rule and IRP holds, the general form of our Taylor rule predictors is given by the respective di¤erences of short-term interest rates, as follows:
where t ( t ) is the domestic (foreign) in ‡ation rate, g t (g t ) is the domestic (foreign) output gap, e t is the real exchange rate, i.e. e t = s t p t + p t , and t is the error term. The output gap is measured as the (percentage) deviation of real output from an estimate of its potential level and is computed with the use of the Hodrick-Prescott …lter. At each point of the out-of-sample period, equation (5) is re-estimated to give the predictor (in general form) as follows:
Several speci…cations, nested in equation (6) , give rise to our predictors. 5 First, Taylor rules can be homogeneous or heterogeneous depending on the response of central Banks to deviations from in ‡ation rate, output gap and interest rate targets. If' 1 =' 1 ;' 2 =' 2 ;' 4 =' 4 , the rule is homogeneous, otherwise, the rule is heterogeneous. Second, Central Banks may want to avoid abrupt changes in the level of interest rates and choose to follow a smoothing interest rate adjustment policy, i.e.' 4 6 = 0 and' 4 6 = 0: Finally, if Central Banks do not take into account possible deviations of the real exchange rate from its targeted level, so that' 3 = 0; the speci…cation is called symmetric (' 3 6 = 0 for asymmetric). Speci…cally, we employ the following predictors:
5. the homogeneous asymmetric Taylor rule without interest rate smoothing and …xed weights 4 For a more detailed discussion, see Rapach and Wohar, 2002 . 5 For a detailed discussion on Taylor rules, see Molodtsova and Papell (2009) .
(HOAfw):
The 6. the homogeneous symmetric Taylor rule without interest rate smoothing (HOS):
Technical Indicators
We employ eleven technical indicators based on four simple and widely used trend following rules. The …rst rule is a moving-average (M A) rule that generates buying and selling signals comparing the moving averages of a long period with a short period. This rule is formed as follows:
where S t is the spot exchange rate and s; l denote the short and long period, respectively. The M A rule aims at identi…ed changes in spot price trends. By construction, the indicator shifts more rapidly when it is created in the short-run, as recent price changes have comparatively more weight. For example, if during one period prices increase, then M A s gets a faster upward trend and if it exceeds (crosses) M A l ; it creates a buy signal, and vice versa. We consider s equal to [1, 2, 3] months and l equal to [9, 12] months and denote the related rule by M A(s; l).
The second rule we apply is the momentum (M OM ) technical indicator (see, for example, Buncic and Piras, 2016 and Neely, Rapach, Tu and Zhou, 2014). The signal is generated according to the relationship of current prices with the past prices, as follows:
If current prices are higher than k periods before, then a buy signal is generated, and vice versa.
We set the k month lag equal to [9, 12] and denote the related predictors by M OM (k).
The third rule is the Relative Strength Index (RSI). 6 This rule is a momentum oscillator that measures the speed and change of price movements by taking into account the magnitude of recent gains or losses. It takes values between 0 to 100 and is given by the following formula:
where M A (n) t denotes the n-period Moving Average of upclose or downclose measures, de…ned as:
The higher the value of the index, the more intense the signal is regarding the presence of overbought conditions in the market, and vice versa. We employ two versions of the index for n = [7; 14] ; i.e. 7 and 14 months. 6 See, for example, Buncic and Piras, 2016.
The last rule we apply is the Exponential Moving Average (EMA). This rule gives more weight on the more recent observations and as a result it responds faster in recent changes.
The signals are generated by comparing the EMA of a long period with that of a short period, similar to the case of the simple MA, i.e.
where m is a weighting multiplier, or else an accelerator, given by m = 2 j+1 where j = s; l. The EM A(s; l) rule we employ sets s = 5 and l = 12.
Predictive Models, Forecast Construction and Evaluation
In this section, we describe the forecasting approaches we follow. One step ahead forecasts are generated by continuously updating the estimation window, i.e. following a recursive (expanding) window. 7 More speci…cally, we divide the total sample of T observations into an in-sample portion of the …rst M observations and an out-of-sample portion of P = T M observations used for forecasting. The estimation window is continuously updated following a recursive scheme, by adding one observation to the estimation sample at each step. Proceeding in this way through the end of the out-of-sample period, we generate a series of P out-of-sample forecasts for the exchange rates returns.
Univariate models
Our empirical analysis is based on the simple linear predictive model:
where s i;t+1 is the 1-month log return of the exchange rate, x i;t are the candidate predictors i; in …rst di¤erences, with i = 1; ::; 13 for macroeconomic predictors and i = 14; :::; 24 for technical indicators, a i ; i are constants to be estimated and u i;t+1 is the error term. Typically, equation (15) is estimated by least squares at each point of the out-of-sample period giving one-month ahead forecasts as follows;
Principal Component models
In order to incorporate information from multiple variables/predictors, we estimate predictive regressions based on principal components. Extracting principal components is a sim- 7 In the robustness section we also include di¤erent out-of-sample periods and alternative forecast horizons.
ple technique that summarises and extracts information from a large group of variables and at the same time reduces dimensionality. Via principal components, our set of predictors x t = ( x 1;t ; :::; x N;t ) are transformed to new uncorrelated variables,F j t = (F j 1;t ; :::;F j N;t ). We consider three pools of predictors, j = ECON; T ECH; ALL, for macroeconomic/ fundamental predictors, technical indicators or the entire set of predictors taken together, respectively.
In practice, we need to take into account the …rst few K principal components which incorporate most of the predictors'information. To this end, at each point of the out-of-sample period, we select the optimal number of components (K) via the Schwarz Information Criterion (SIC). 8 The monthly out-of-sample forecasts of principal component models extracted from the j-th pool of predictors are denoted as P C ECON; P C T ECH and P C ALL and are given by the following equation:
whereF (j) k;t is the k-th principal component of the j-th pool of predictors recursively estimated until time t,â andb k are constants estimated via least squares and K is the SIC-selected number of principal components.
Combined Forecasts
Another popular approach aiming at reducing model uncertainty and e¢ ciently incorporating information from a large set of potential predictors is forecast combination (see, inter alia, Buncic and Piras, 2016) . We employ the simplest combination scheme proposed in the literature, namely the naive equally weighted one and employ it for the three sets of predictors considered. Speci…cally, the combination forecasts are given by the following formula;
where ŝ
t+1 is the combined forecast of the respective group j, N j is the number of predictors included in group j (N ECON = 13, N T ECH = 11 and N ALL = 24) and ŝ (j) i;t+1 is the forecast computed from predictor i that belongs to the group j. We refer to these forecasts as P OOL j.
Finally, we create an amalgamation of forecasts (see Rapach and Strauss, 2012 ; Meligkotsidou, Panopoulou, Vrontos and Vrontos, 2014). Speci…cally, we combine the P OOL ALL and P C ALL forecasts computed from the forecast combination and principal component 8 For alternative ways of principal components'selection, see Bai and Ng (2002 approaches under a naive combination scheme and form a new predictor, F C AM ALG. This predictor can prove bene…cial in the event that information contained in the two forecasting approaches is discrete. 9 
Statistical evaluation
We evaluate the forecasting ability of our proposed models/ speci…cations by comparing their forecasting performance relative to the random walk (RW) model, which sets i = 0 in equation (15) . This model is the standard benchmark in the literature on exchange rate predictability since the seminal work of Meese and Rogo¤ (1983) . 10 We …rst calculate the Campbell and
Thompson (2008) out-of-sample R 2 (R 2 OOS ) metric as follows; 
where P is the number of out-of-sample forecasts, M is the number of in-sample observations, T is the total number of observations and q is the proposed model under consideration. The null hypothesis of the test is H 0 : M SF E RW M SF E q against the alternative ; in an optimal way so thatr c;t+1 = ArA;t+1 + BrB;t+1 ; A + B = 1: If 9 We address this issue in Section 3.4 where we present the test for model encompassing. Let u A;t+1 = r t+1 r A;t+1 ; u B;t+1 = r t+1 r B;t+1 denote the forecast errors of the competing models A and B, respectively and de…ne d t+1 = (u B;t+1 u A;t+1 )u B;t+1 : The EN C T statistic is given by:
where d is the sample mean, d
V ar(d) is the sample-variance of fd s+1 g 
Empirical Findings
In this section we provide a brief description of the data used in the empirical analysis and discuss key developments in the exchange rate market. Next, we present our …ndings regarding the statistical and economic evaluation of our forecasting approaches. We also describe the performance of predictors/ models over time, as well as the factors driving it.
Data
Our sample consists of monthly post-Bretton Woods data spanning from January 1974 to December 2014. We employ six of the most frequently traded currencies among industrialized economies that ‡oat freely; namely the British Sterling (GBP), the Japanese Yen (YEN), the Swiss Franc (CHF), the Norwegian Krone (NOK), the Australian Dollar (AUD) and the Canadian Dollar (CAD). Following the standard convention in the literature, we employ the US dollar as the base currency. Our main datasources are the OECD, IMF and FRED databases.
Exchange rate returns are log-returns computed from di¤erences in the log spot prices. Price levels are proxied by the Consumer Price Index (CPI) and in ‡ation rates are calculated from the y-o-y growth rates of prices. We employ the industrial production index and the M3 monetary aggregate for the income and money supply levels. Interest rates are short-term rates. In order to estimate the output gap, we apply the Hodrick-Prescott …lter on the monthly industrial production index. The data sources and codes of the variables employed are presented in Table   1 .
[ Table 2 presents the descriptive statistics of the exchange rate returns under consideration.
Over the period under examination, AUD has the highest return (for a US investor), while CAD is the least volatile one. On the other hand, CHF and YEN are associated with signi…cant negative returns of -0.24% and -0.17% per month, respectively. CAD and AUD are the most leptokurtic ones, while YEN and CHF are negatively skewed.
[TABLE 2 AROUND HERE]
In order to get a better understanding of the evolution of exchange rates over time, we plot the respective spot exchange rates in Figure 1 . It is noteworthy that both YEN and CHF seem to be immune to the recent …nancial crisis. As far as CHF is concerned, uncertainty over the euro zone outlook has triggered a huge overvaluation of the currency, considered as a safe haven and resulting in further appreciation. Finally, the Japanese YEN was further depreciated during 2013 following the announcement of an "aggressive monetary easing"program that was expected to double money supply and push the exchange rate even lower.
Out-of-sample performance
One step ahead forecasts are generated by continuously updating the estimation window, i.e. following a recursive (expanding) window. More speci…cally, we divide the total sample of T = 492 observations (January 1974 to December 2014) into an in-sample portion of the …rst M = 60 observations (January 1974 to December 1978) and an out-of-sample portion of P = T M =432 observations used for forecasting (January 1979 to December 2014). 12 Table 3 reports the out-of-sample performance (R 2 OOS and level of statistical signi…cance) of the proposed models/ speci…cations. The Table is (18) and (17) Our …ndings with respect to individual predictors (Table 3 , Panel A) suggest that a few predictors provide consistently superior forecasts (relative to RW) irrespective of the currency under consideration. Overall, the best predictors in terms of R 2 OOS are BM F , P P P , M A(1; 9), RSI(7) and RSI (14) . Depending on the currency, the best predictor varies. For example, for GBP, YEN and CHF, the highest R 2 OOS is attained by P P P , while for NOK and AUD RSI(14) emerges as the most accurate one. 13 More in detail, regarding macroeconomic predictors, BM F and P P P improve forecasts in all currencies under consideration, while IRP and P P P in three out of six currencies; namely GBP, NOK and CHF. Taylor rules emerge as the worst performing predictors. In particular, among this set of predictors the best performing ones are HOAf w and HEA improving forecasts in all currencies but YEN and CAD. However, …ve Taylor rule variants are useful in predicting AUD and to a lesser extent CHF. On the other hand, most currencies tend to be predicted by technical indicators. M A(1; 9), RSI(7) and RSI(14) emerge as superior as they improve forecasts in all currencies under examination, followed by M A(1; 12), M A(2; 9) and M OM (12):
It is interesting to note that the highest R 2 OOS values are achieved by the RSI predictors exceeding 4.5% in all cases.
Overall, our …ndings so far suggest that both individual macroeconomic predictors and technical indicators can help forecasting exchange rates with the overall performance of technical indicators being superior to that of macroeconomic predictors. However, since a considerable amount of uncertainty exists with respect to the choice of the predictor, we next check whether combined forecasts and principal components forecasts can deliver a more consistent and reliable performance. Panel B reports the related …ndings. With the exception of the P C ECON predictors for CAD, combined forecasts and principal components ones extracted from both groups of predictors are associated with high positive R 2 OOS values which are statistically signi…cant at the 1% level. For P OOL ECON; R 2 OOS values range from 0.98% (CAD) to 5.65% (AUD), while the respective values for P C ECON are 3.50% (NOK) and 11.04% (AUD).
Interestingly, both P OOL T ECH and P C T ECH are superior to P OOL ECON and P C ECON , with a few exceptions. Speci…cally, P C T ECH improves forecast accuracy by 2.40% (CAD) to 6.95% (NOK) and P OOL T ECH by 1.33% (CAD) to 4.80% (CHF).
Next, we consider combined forecasts and principal components extracted from the entire set of predictors, shown in Panel C. Combined forecasts generated from all the predictors (P OOL ALL) show signi…cant predictive accuracy, since R 2 OOS values range from 1.18% to 5.10% and are statistically signi…cant at the 1% level. More importantly, principal components extracted from the full information set (P C ALL) dominate all speci…cations considered so far.
For GBP, YEN, NOK and CHF, R 2 OOS values are almost equally high at 6.06% , 6.49%, 7.76% and 6.67%, respectively. Even for CAD that was hard to predict so far, we get a respectful value of 3.63%. As expected, the corresponding value for AUD increases to 12.05%. Finally, when combining both P OOL ALL and P C ALL into a 'grand'forecast (F C AM ALG), our …ndings (Panel D) point to increased forecasting bene…ts for GBP, YEN and CHF, since
OOS rises to 7.81%, 6.81% and 7.57%, respectively. For NOK and AUD, R 2 OOS are quite high at 7.38% and 10.17% respectively, although they are lower than the P C ALL counterparts of 7.76% and 12.05%.
Overall, there is compelling evidence so far that macroeconomic predictors and technical indicators work complementarily, i.e. they include di¤erent types of information that is mainly exploited by principal components, in contrast to combined forecasts. Furthermore, amalgam forecasts seem to o¤er a superior and consistent performance across the majority of the exchange rates considered. In order to shed light on these issues, we report the encompassing test results in Table 4 .
[TABLE 4 AROUND HERE]
Focusing on principal components, we observe that no P C T ECH encompasses P C ECON , with the exception of CAD, and no P C ECON encompasses any P C T ECH, with the exception of AUD. Hence, P C T ECH and P C ECON contain discrete information about the future for the majority of currencies. Recall that AUD is the only currency where P C ECON delivers signi…cantly higher R 2 OOS values than P C T ECH and P C T ECH delivers a positive R 2 OOS for CAD as opposed to a negative one for P C ECON: Looking at the combined forecasts, our …ndings suggest that for all currencies, apart from AUD, P OOL T ECH encompasses P OOL ECON (and not vice versa), i.e. P OOL T ECH contain information beyond that provided by P OOL ECON . In the case of AUD, P OOL ECON encompasses P OOL T ECH. These …ndings con…rm our earlier ones. In a nutshell, P OOL T ECH outperforms both P OOL ECON and P OOL ALL for all currencies, except for AUD. Following the positive …ndings for F C AM ALG, we also test between P OOL ALL and P C ALL. We …nd that P OOL ALL does not encompass P C ALL for any currency, whereas, the respective test reveals that P C ALL encompasses P OOL ALL for NOK, CAD and AUD. These currencies are the ones for which F C AM ALG does not outperform P C ALL: Overall, our results corroborate the complementarity between information embedded in the two types of predictors that can enhance foreign exchange predictability further.
What drives the forecasting performance?
The statistical evaluation of our candidate predictors showed that technical indicators perform better than macroeconomic predictors and that the two groups of predictors contain di¤erent types of information that is exploitable if we extract principal components from all candidate predictors. Hence, P C ALL constitutes a fairly strong forecasting strategy. Moreover, the 'grand'predictor F C AM ALG demonstrates better forecasting ability when P OOL ALL and P C ALL do not encompass each other. In this section, we check whether the corresponding performance is consistent over time or our results tend to be sensitive to particular periods of time. As reported in section 4.1, there are various historical periods considered as rather important for the course of exchange rates. To this end, we report the di¤erence between the cumulative squared prediction error of the benchmark and the respective predictor. Over times of increase in this metric, the benchmark model is outperformed by the rival, and vice versa. In addition, since the metric is by default constructed as a cumulative di¤erence between squared errors, a positive end-of-period value points to a better out-of-sample performance of the candidate speci…cation over the RW benchmark model.
We begin the analysis with GBP. Figure 2 presents the three best performing predictors (P P P , RSI (14) and BM F ) and the three worst performing ones (HES, HEA and M A(3; 12)).
As shown in Figure 2 , the best performing predictors tend to outperform the benchmark almost throughout the entire period under consideration. However, the predictors experience some boosts in their performance, closely related to signi…cant events around those periods. Speci…-cally, these periods are during mid-1985, at the second half of 1992 and the second half of 2008, coinciding with the Plaza Accord, the events of Black Wednesday ending in the withdrawal of British sterling from the ERM mechanism, and …nally, the recent …nancial crisis. It seems that the respective predictors react quicker than the benchmark during periods of crisis and abrupt changes. Excluding the turbulent periods, the benchmark and the candidate predictors do not deviate signi…cantly in terms of squared errors over time. Quite importantly, while RSI (14) is overall one of the best individual predictors, we have to note that during the period between mid-1992 to mid-2001, RSI (14) is outperformed by the benchmark pointing to a quite unstable performance. Its performance further picks up with the outburst of the …nancial crisis, where signi…cant gains are observed. Turning to the worst performing predictors, we observe that this is quite erratic showing some gains in the beginning of the out-of-sample period, but failing to adapt for the most part of the sample.
[FIGURE 2 AROUND HERE]
Since our focus is on alternative ways of summarising predictor information, we report in Figures 3 -8 the performance of P OOL j; P C j and F C AM ALG (for j = ECON , T ECH, ALL) for all the currencies considered. Figure 3 shows the respective performance for GBP. Overall, it is evident that combined forecasts and F C AM ALG have a much smoother increasing path over time in comparison to principal components. All speci…cations bene…t from crises but in calm periods, they display either modest improvements (P OOL) or even losses (P C) in forecasting accuracy if compared to the benchmark. The performance over time for P OOL ECON; P OOL T ECH and P OOL ALL is more or less similar. Likewise, the paths of P C j are quite similar. In particular, P C T ECH manages to generate better forecasts during periods of crisis but loses predictability during relatively tranquil periods, in contrast to P C ECON . P C ALL is much smoother than P C T ECH, but at the same time, su¤ers during periods when returns do not ‡uctuate extensively. Observing closer the performance of F C AM ALG that generates the highest R 2 OOS performance, we note that F C AM ALG follows a stable and increasing path with jumps during the 1992 and 2008 turmoils.
[FIGURE 3 AROUND HERE]
Next we turn to the respective results for YEN ( Figure 4 ). As the …gure shows, combined forecasts maintain a stable upward trend throughout the whole period. Neither the YEN depreciation at the beginning of the sample, nor the ten-year appreciation after the Plaza Accord until 1995 seem to a¤ect the forecasting superiority of combined forecasts over the benchmark.
On the other hand, although principal components deliver higher R 2 OOS values than combined forecasts and bene…t from peaks and troughs, they are not consistently better than the RW.
While the performance of F C AM ALG is obviously smoother, it is still a¤ected by the abrupt changes of P C ALL. What is intriguing in this feature is that P OOL ALL corrects the bad performance of P C ALL during the period 2004 to 2013 when combined.
[FIGURE 4 AROUND HERE]
In Figure 5 , we display the results for NOK. Overall, P OOL j follow a steady and increasing path beating the benchmark in all periods followed by a signi…cant jump at the outburst of the 2007-2009 crisis. Among the principal components under consideration, P C ECON su¤ers from losses at the beginning of the period that are reversed during the recent …nancial crisis. P C T ECH outperforms the RW until 1995, when a …ve-year period of failures begins, ending in 2001. As far as P C ALL is concerned, it manages to neutralize the losses of P C ECON at the beginning of the sample and those of P C T ECH at the period 2001-2008 and maintains a positive performance throughout the remaining periods. The path for F C AM ALG does not di¤er signi…cantly from that of P OOL ALL; exhibiting superior and stable performance over time.
[FIGURE 5 AROUND HERE]
The next currency considered is CHF (Figure 6 ). Among the combined forecasts reported, the smoothest is P OOL ALL: The most noticeable features are the strong upward trends after 1992 for all speci…cations and the negative trend after 2011 for principal components forecasts.
Overall, P C forecasts appear more volatile that the P OOL ones. On the other hand and similar to our …ndings so far, F C AM ALG rises steadily without any signi…cant failures.
[FIGURE 6 AROUND HERE]
Turning to CAD (Figure 7) , we note that all combined forecasts, as well as P C T ECH
and P C ALL demonstrate some common patterns. There is no sizeable forecast improvement over the benchmark until 2007, when we start to observe a prolonged period of sizable bene…ts until the end of the sample. Extracting principal components from macroeconomic predictors shows the worst performance with a negative trend for almost the full out-of-sample period.
F C AM ALG neither beats nor is beaten by RW for the entire period until October 2008
when it picks up and signi…cantly outperforms the benchmark up to the end of the sample.
[FIGURE 7 AROUND HERE]
The last currency under consideration is AUD, illustrated in Figure 8 . Apparently, our models bene…t from the 1986 and 2008 AUD depreciations. Similar to the currencies considered so far, principal components appear to follow more volatile paths than combined forecasts, although they provide more sizable forecasting gains. The performance of F C AM ALG is quite similar to the P OOL ones, attaining a positive increasing path throughout the out-ofsample period.
[FIGURE 8 AROUND HERE]
Summarising our …ndings, we note that our proposed speci…cations can exploit periods of turbulence much more e¢ ciently than the benchmark (we should not neglect that the RW with drift is by construction a slow adjusting predictor unable to capture abrupt changes).
Aggregating predictor information via combination of pooled and principal components forecasts (F C AM ALG) can deliver not only superior forecasts in terms of R 2 OOS but also forecasts that can consistently beat the RW without being signi…cantly a¤ected by long or short swings in exchange rates.
Economic Evaluation
So far, we have evaluated the statistical signi…cance of our proposed speci…cations. We now focus on the economic performance of our models, since statistical signi…cance does not always imply pro…tability. 14 (16), (17) and (18)) to rebalance her portfolio, which is compared to the portfolio created by the benchmark RW forecasts.
We assume that the investor is US based and allocates part of (or the entire) her portfolio to the US risk free asset (giving return i t ) and the rest on the risk free asset of the foreign country.
In this case, her return is the sum of the foreign risk free rate (i t ) and the realised exchange rate return. Thus, the only risk the investor is exposed to are ‡uctuations of the exchange rates.
Speci…cally, the investor re-balances her portfolio every month in the out-of-sample period and allocates the following portion of her wealth (w t ) to the risky (foreign) asset:
where is the risk aversion coe¢ cient,r t+1 denotes the expected return of the investment in the risky asset and is calculated as the sum of the foreign risk free rate (i t ) and the forecast of the exchange rate return, i.e.r t+1 = i t + ŝ t+1 ; and^ t+1 is the forecast of the variance computed by calculating the variance of the actual exchange rate returns under a rolling window of 60 observations. Intuitively, higher values of correspond to a more risk averse investor, resulting in lower exposure to the foreign risky position. We conduct the experiment for two levels of risk aversion ( =2 and 5). i.e. 1 w t 2 in order to prevent extreme and unrealistic investments and also to allow for 200% leverage and short sales. Under this setting, the optimally constructed portfolio return over the out-of-sample period is equal to r p;t+1 = w t (i t + s t+1 ) + (1 w t )i t In order to assess the economic value of the candidate predictors, we calculate the Certainty Equivalent Return (CER) as follows;
wherer p is the average return of the portfolio (equal to
p is the variance of the investor's portfolio over the out-of-sample period. The di¤erence between the CER of the proposed speci…cation and that of the benchmark (denoted as CER) can be interpreted as the maximum fee that the investor is willing to pay in order to switch from the RW to the competing model.
We report the annualized CER fees in Table 5 . Our …ndings are discussed with two perspectives; the …rst is connected to the performance of the models against the Random Walk, and the second is linked to the performance of the models by increasing the level of risk aversion.
Overall, our …ndings are consistent with the statistical evaluation …ndings. For currencies that proved hard to predict, such as YEN and CAD, we get either negative CER or small positive values. In addition, we observe that models performing poorly in terms of R 2 OOS do also in terms of CER.
[TABLE 5 AROUND HERE]
With respect to individual predictors, we note that BM F; P P P; RSI(7) and RSI (14) 11.15% for P C ECON (AUD) and 11.21% for P C T ECH (GBP). For almost all currencies, principal components generate higher fees than combined forecasts. In addition, a further piece of evidence regarding the superiority of technical indicators is given by comparing P C ECON to P C T ECH. We observe that P C T ECH outperform P C ECON for four currencies out of six. The results are qualitatively the same when we compare combined forecasts.
The most interesting feature of Table 5 is Panel C, where we report the results for P OOL ALL and P C ALL with P C ALL generating high economic gains, irrespective of the level of risk aversion. Except for CHF, the aforementioned model is able to result in higher economic gains than the other principal components. These gains reach 14.37% for GBP and 13.79% for AUD. Even in the case of YEN for = 5, where eight out of thirteen macroeconomic predictors and four out of eleven technical indicators generate losses, P C ALL delivers essential gains, equal to 376 basis points. With respect to P OOL ALL we observe that the predictor favors more a relatively less risky investor, pointing to gains for four out of six currencies. The results for the combination of these two predictors, as shown in Panel D, are very promising, although the respective gains do not outperform P C ALL for any currency. The results for F C AM ALG that stand out are those for GBP (11.9%) and for AUD (8.41%). To conclude, our economic evaluation …ndings suggest that by exploiting the information from the two groups of predictors we are able to obtain sizable economic gains.
Robustness tests
In this section we assess further the statistical performance of the candidate predictors/ speci…-cations by conducting two robustness tests. First, we consider alternative forecast horizons and second we change the beginning of the evaluation period to January 1990 and January 2000. Table 6 reports our …ndings for alternative forecast horizons. Speci…cally, we consider h monthahead forecasts for h = [3; 6; 12]: Our results show that statistical signi…cance weakens as we move to higher forecast horizons. This e¤ect is more pronounced for technical indicators, since by construction they are trend following predictors and past trends have less impact as we move further. However, when aggregating the information content in all candidate predictors via F C AM ALG, P C ALL and P OOL ALL, we still attain a very good performance for all currencies and especially for the 3-and 6-months forecast horizons.
Alternative forecast horizons
More in detail, for the 3-month-ahead forecasts, our …ndings remain qualitatively similar to the benchmark one-month forecasts. Technical indicators perform better than macroeconomic predictors, especially for combined and principal components forecasts. By comparing P OOL j, P C j and F C AM ALG, we observe that the best performing predictors are F C AM ALG for GBP, which generates out-of-sample R 2 OOS values of 3.15%, P C T ECH for YEN (1.79%), P C T ECH for NOK (2.47%), P OOL ECON for CHF (1.78%), P C ALL for CAD (2.04%) and P C ALL for AUD (2.11%). It is interesting to note that F C AM ALG outperforms both P C ALL and P OOL ALL in all currencies considered with the exception of CAD.
Turning to the 6-month forecasts, we observe that the forecasting ability of most technical indicators deteriorates signi…cantly, while the deterioration in the forecasting ability of macroeconomic predictors is not that intense. The predictors that yield the best performance are F C AM ALG for GBP (1.53%), F C AM ALG for YEN (0.32%), P C T ECH for NOK (0.52%), P OOL ECON for CHF (0.69%), F C AM ALG for CAD (1.48%) and P C ALL for AUD (0.56%).
Finally, for the 12-month horizon we note that technical indicators are outperformed by the benchmark with the exception of a few cases. Interestingly, despite the bad performance of individual technical indicators, P C T ECH still beats P C ECON . Speci…cally, the best performing model for GBP is P C ECON (1.62%), P C T ECH for YEN (1.62%), P C T ECH for NOK (0.09%), F C AM ALG for CHF (1.36%), F C AM ALG for CAD (1.01%) and P C T ECH for AUD (0.09%). It is interesting to note that F C AM ALG loses gradually its superiority over P C ALL and P OOL ALL, but still manages to deliver accurate forecasts.
[ Weller, 1999), despite the fact that principal components and combined forecasts improve forecasts. However, this …nding does not exclude them from the list of predictors that incorporate useful information.
Alternative evaluation periods
The last check we perform is to evaluate the robustness of our model to changes in the outof-sample period. We consider two more evaluation periods by setting the beginning of our forecasts to January 1990 and January 2000, respectively.
Our …ndings, when the out-of-sample period starts in January 1990 are reported in Table 7 and remain qualitatively similar to the long out-of-sample period. The predictors that provided statistical signi…cant results remain robust and some of them even enhance their forecasting ability. For example, macroeconomic predictors for GBP display improved forecasting performance. P C ALL outperforms both P C ECON and P C T ECH, with the exception of GBP and AUD. In addition, F C AM ALG also emerges as superior for GBP, YEN and CHF.
However, we observe that P C ECON and P OOL ECON perform even better in this more recent period.
[ TABLE 7 AROUND HERE]
Next, we focus on the more recent period (out-of-sample forecasts begin in January 2000).
Our …ndings, reported in Table 8 , suggest that our proposed speci…cations remain robust to this part of the sample. Speci…cally, P C ALL shows improved forecast accuracy for NOK (12.08%), CAD (5.41%), GBP (3.66%) and AUD (14.53%), relative to P OOL ALL, while the opposite is true for YEN and CHF. More importantly, F C AM ALG still provides statistically signi…cant forecasts and high forecast accuracy ranging from 2.05% (YEN) to 11.10% (AUD).
[ 
Conclusions
The importance of forecasting exchange rates extends beyond academia, to policymakers, practitioners and international …nancial market participants. In our study, we use the most widely used macroeconomic predictors and technical indicators in order to construct reliable exchange rate forecasts against the Random Walk benchmark. Overall, our …ndings suggest that both groups of predictors can provide superior forecasts. However, technical indicators demonstrate superior predictive ability, irrespective of being used individually, in a forecast combination or a principal components framework. More importantly, forecasts generated from the …rst few principal components of the two sets of predictors do not encompass each other, suggesting that these predictors capture di¤erent types of information and work complementarily. In this respect, forecasts constructed employing principal components of the whole information set, both fundamental and technical can further improve predictability reaching 12.05% over the random walk benchmark. Finally, we propose a forecasting strategy generated by the combination of combined and principal components forecasts from the entire group of predictors. Our …ndings suggest that in the cases that combined and principal components forecasts from the full information set do not encompass each other, this approach is superior to its rivals and outperforms the random walk model by 10.17%.
Interestingly, the …nancial turmoils of 1994 and 2008 enhance the predictability of our models, as they tend to be more ‡exible than the benchmark and adjust faster during crisis periods. Our proposed approaches tend to outperform the random walk throughout the entire out-of-sample period delivering increasing and relatively smooth performance signalling that the investor should take into account both types of predictors in order to consistently bene…t.
Indeed, our economic evaluation …ndings show that the combined use of technical indicators and macroeconomic predictors can provide signi…cant gains irrespective of the currency under consideration. 
k,t is the recursively calculated (up to time t) kth principal component extracted from the 13 macroeconomic predictors (j=ECON), 11 technical rules (j=TECH) and 24 regressors taken together (j = ALL), for k = 1, .., K. Panel D reports the naive combined forecasts of PC-ALL and POOL-ALL. We apply the CW-statistic, which tests the null that the benchmark forecast MSFE is less or equal to the alternative specification's forecast MSFE against the one-sided alternative that the RW's forecast MSFE is greater to the MSFE of its rival. "***", "**" or "*" indicate significance at the level of 1%, 5% and 10%, respectively. Notes: The table reports the portfolio performance for a mean-variance investor with relative risk aversion coefficient γ = 2 and γ = 5, who invests her portfolio in the risky asset and the risk free asset. The investor uses either the Random Walk with drift model or the forecasts generated by the proposed approaches. For each level of risk aversion we compute the measures for the forecasts of the 13 macroeconomic predictors and 11 technical indicators, PC-ECON, PC-TECH, PC-ALL and FC-AMALG. ∆CER is the annualized difference in the Certainty Equivalent Return for the investor that uses our proposed approaches instead of the RW model. 
